INTRODUCTION
U el surfac RFACE ELECTROMYOGRAPHY (sEMG) is the ectrical recording of the muscle activity from the e. It is closely related to the strength of muscle contraction and is a useful to estimate the strength of contraction of the muscle. But the presence of artefacts and cross-talk, especially at low level of muscle activity make the recordings unreliable. Spectral and temporal overlap can make the removal of artefacts and noise, or separation of relevant signals from other bioelectric signals extremely difficult. Most commonly used feature of sEMG to measure the strength of contraction of a muscle is root mean square (RMS) of sEMG. RMS is a global parameter and is dependent on the number of motor unit action potential (MUAP), size of the motor units and the location of the muscle. Other similar features of sEMG commonly used include windowed integration and zero crossing count [1] .
To exploit the relationship between the magnitude and/ or the spectral content of SEMG with force of contraction of the muscles, various analogous measures such as root mean square (RMS), integral of the signal, and wavelet coefficients have been used to classify the signal against the desired movement and/or posture [2] - [4] . RMS of sEMG has been considered for controlling and for virtual reality entertainment [5] - [8] . These features are easy to implement and are a good measure of the strength of muscle activity when there is a single active muscle that has high level of muscle activity. However these measures are not suitable when the muscle activity is very small and there are multiple muscles that are simultaneously active.
To identify low level forearm movements and actions that are a result of multiple active muscles, relative muscle activity from the different muscles in the forearm has to be identified. For this purpose, sEMG needs to be recorded using multiple electrodes. However due to the close proximity of the different active muscles, each of these electrodes record muscle activity from different muscles, referred to as cross talk. In case of the fore arm, this is always a problem, and this is further exaggerated when the muscle activity is weak like during maintained isometric gestures. Spectral and temporal overlap makes the use of conventional filtering quite useless. Another difficulty of such identification of movements at low level of contraction is the poor signal to noise ratio for sEMG recording when muscle activity is small.
To reliably identify the small movements and gesture of the hand, there is need to decompose sEMG into muscle activity originating from the different muscles. Spectral and temporal filtering is not suitable for this because of overlapping spectra and simultaneously active muscles. Blind source separation (BSS) techniques have recently been developed and these provide a solution for such a situation. BSS techniques such as Independent Component Analysis (ICA) have found numerous applications in audio and biosignal processing disciplines. ICA of sEMG has been proposed for identifying cortical activation related to armmovement combinations in 2000 [9] . Mckewon and Radtke demonstrated a method for phase and tonic coupling between EEG and EMG using ICA [10] . Decomposition of sEMG into motor unit action potentials (MUAP) originating from different muscles and motor units has been reported in 2004 [11] . The authors have demonstrated the separation of sEMG using ICA into individual muscle activity for the hand gesture identification [12, 13] ; however separating the low level muscle activities using ICA is always a challenging task as numerous muscles active at the same time even during a small muscle contraction. This paper reports the research conducted to separate the low level muscle activities using ICA for different MVCs of EMG.
MATERIALS AND METHODS

A. Blind Source Separation
Blind source separation (BSS) are a set of techniques used for recovering signals from unobserved 'sources' from observed mixtures with no information available regarding the mixing matrix or the sources. Typically each sensor receives a mixture of signals from the various sources. The simplest BSS S technique aims at transforming an input vector into a signal space in which the signals are statistically independent [14, 15] . This is achieved iteratively by reducing a cost function that is related to dependence within the different signals.
The simple BSS model assumes that the mixing process is linear, and is expressed as: 
ICA iteratively determines the un-mixing matrix and thu int algorithm that employs higher ord FastICA is a fixed po er statistics for the recovery of independent sources [14, 15] . Separation is performed by minimization of negentropy of the mixture such that uncorrelated and independent sources whose amplitude distributions as non Gaussian as possible are obtained. FastICA can estimate ICs (independent components) one by one (deflation approach) or simultaneously (symmetric approach), and the extracted ICs can be lower than the number of mixtures so that the un-mixing matrix W can be rectangular. FastICA uses simple estimates of negentropy based on the maximum entropy principle [14] .
The suitability of ICA to separate the sig m different sources is based on the following assumptions:
• The sources are independent.
• The sources are stationary (rela • The signals are non-Gaussian, and • Signal propagation delay is negligib B o that muscle electrical activity at low level of muscle contraction satisfies each of the above criteria.
• Each muscle is a el w are the arguments demonstrating separated from the other muscles and hence each muscle can be assumed to be an independent source.
• At low level of contraction, the muscle activity can be assumed to be made of independent motor unit action potentials (MUAP) that are individual pulses and thus the finite sum of these is non-Gaussian.
• At low level of muscle contraction, the length position of the muscles with respect to the skin and other muscles remains stationary and hence with respect to the recording electrodes.
• Volume conduction in tissue instantaneous [16, 17] . Based on the above, the auth reported the technique where the un-mixing matrix is estimated using ICA. Using this un-mixing matrix, sEMG recordings can be decomposed on an ongoing basis for a given electrode position. The vector consisting of RMS values averaged over the duration of the action are representative features of the action. Other researchers [16, 17] 
Seven he unteered to participate in this study. Mean age was 26.6 (σ = 2.05) years; mean weight 70.6 (σ = 6.56) kg; and mean height was 170.6 (σ = 7.42) cm. The participants inclusion criterion was; (i) no history of myo or neuro-pathology, and (ii) no evident abnormal motion restriction. Only right-hand dominant participants were included in this study. Each participant was given an oral and written summary of the experimental protocol and the purpose of the study and then was required to sign a consent form prior to participation.
Experiments were conduc itorum superficialis (FDS) muscle was recorded when the participant maintained specific finger flexion. FDS lies in the anterior compartment of the forearm, which has a primary function of flexing the digits in finger movements [19] . The two electrodes were placed on FDS muscle as shown in Fig.1 . The force of contraction was measured using FlexForce sensor. The FlexiForce A201 (Tekscan, Boston, MA, USA) force sensor is an ultra-thin, flexible force sensor that can be fixed to measure the force of contraction from each of the fingers.
At th erate maximum voluntary contraction (MVC) for 10 seconds and this was repeated 5 times. Based on the study of Basmajian and De Luca [1], the average of these five recordings was considered to be the MVC. Three different finger gestures were used as protocol to record sEMG from the participant: Middle finger flexion, Ring finger flexion and Little finger flexion.
The participant wa s for three different levels of forces i.e., 20%, 50% and 80% of MVC. The duration of each run of the experiment was 120 secs. The sampling rate for recording sEMG was 1024 samples/sec. The change in resistance of the FlexiForce is the measure of force of the sensor. To record the force exerted on the sensor, voltage across a fixed resistance in series with FlexiForce force sensor was recorded at 1024 samples/sec F. Data analysis is low frequency signal. EMG recording equ the unseparated sEMG was com Table I . Overall (mean) results for 20%, 50% and 80% MVCs for all seven participants
20% MVC 50% MVC 80% MVC
along with sEMG signal. Visual feedback of the force sensor output was given to the user to maintain steady muscle contraction.
Surface EMG ipment (Delsys) filters the signal before the data acquisition. Low frequency noise components are eliminated during this process. The data was analyzed to compare the performance of ICA based sEMG separation and that of unseparated sEMG for identifying finger flexions for different MVCs. The length of each sEMG segment was approximately 2500 samples (2.5 seconds) and this corresponded to the duration of each action. To determine the efficacy of ICA, sEMG recordings were analyzed under the two conditions; (i) when sEMG was not separated and, (ii) when sEMG was separated using ICA These are described below: At the first step, RMS of puted for all the three different MVCs and each finger flextion. Next, sEMG was separated using fastICA and computing RMS for the separated muscle activity for each of the actions. Two channel sEMG data was separated using FastICA. Symmetric FastICA approach was used for sEMG source separation. Reason for this is that sEMG is a very low frequency signal and this method eliminates any unwanted artifacts in sEMG. The ICA separated data was used for RMS computation. However there exists an ambiguity problem in ICA. Hence a mitigation strategy to overcome shortcomings related to order and magnitude ambiguity related to ICA has been developed. This is achieved by using a combination of unmixing matrix obtained from FastICA corresponding to the specific user. This task was repeated for all the seven subjects who participated in the experiment. ICA and RMS were compared for their performance by determining the significance of separation of each flexions corresponding to different force levels of contraction. This analysis was repeated for all the three finger flexions and for all the seven subjects. The results were summarized in Table I .
The next step is to identify the separation patterns for 3 flexions during different force levels using Analysis of Variance (ANOVA) statistical anlaysis. ANOVA analysis was performed for all the three finger flexions and for all the participants. The mean result of ANOVA is explained in Table II . The results show that values of RMS after ICA (ICA RMS) are a good indicator of the force of contraction of the muscles for all levels of muscle contraction. RMS of sEMG is an indicator of the force of contraction only when the level of contraction is high (80% MVC) but a poor indicator of the force of contraction when the level of contraction is low (20%). This may be attributable to the effect of the background activity during low-level muscle activity.
Gestures
ICA MS RMS
In order to validate and visualize the data, the values were plotted using box plot to determine the difference in ICA RMS for flexions during different levels of contraction. Boxpl s can be useful to display differences between popu without makin ing stat distribution [20] .
rent parts of the box helps indicate the degree of dispersion (spread) ion of the little finger at the three different levels of force of contraction for Subject 1 are shown in Fig.3 and Fig.4 respectively. From these plots, it is observed that ICA separated RMS is reliably able to differentiate between force of finger flexion -20%, 50% and 80% M .
[9 sible using RMS of sEMG. Similarly, the plots for the Ring and Middle fingers flexion shown in Fig.5, Fig.6, Fig.7 and Fig.8 , indicate that ICA RMS has more significant change than RMS, during low-level flexions with respect to the force levels of contraction.
DISCUSSION AND CONCLUSIONS
From the outcomes, it is evident that the patterns of sEMG against 3 different finger flexion actions for different MVCs were similar (p>0.01), while after separation using ICA, there is a clear identification of patterns (p<0.0001) related to MVCs. This paper has compared the methods of identifying patterns at various levels of force (MVCs) using sEMG without separation and using sEMG after separation using ICA. The similar patterns for different MVCs using nonseparated sEMG are attributable to the high level of cross-talk, noise and low signal strength. ICA overcomes this shortcoming and the results clearly show that there is clear separation of patterns of sEMG during various levels of MVC While this paper reports experiments conducted for three finger flexion action, this technique is suitable for the analysis of other actions and postures where cross-talk due to overlapping muscles is an issue such as when studying muscles of the lower back. 
